Introduction
Biology inspired algorithms have been gaining popularity in recent decades and beyond. These methods are based on biological metaphor such as Darwinian evolution and swarm intelligence. One of the most recent algorithms in this category is the Particle Swarm Optimization (PSO). PSO is a population-based approach using a set of candidate solutions, called particles, which move within the search space. The trajectory followed by each particle is guided by its own experience as well as by its interaction with other particles. Specific methods of adjusting the trajectory are motivated by the observations in birds, fishes, or other organisms that move in swarms. Multi-objective optimization (MOO) is an important field to apply swarm intelligence metaheuristics because there is not only one solution for MOO ingeneral. The solution of a MOO problem is generally referred as a non-dominated solution, which is different from the optimal solution of single-objective optimization problem. A solution is said to be nondominated over another only if it has superior, at least no inferior, performance in all objectives. Hence, non-dominance means that the improvement of one objective could only be achieved at the expense of other objectives. This concept always gives not a single solution, but rather a set of solutions called the non-dominated set or non-dominated archive. Generally speaking, there are two approaches to MOO: classical methods and evolutionary methods. Classical methods first convert separate objective functions into a single objective function by weighted sum method, utility function method, or goal programming method, and then solve them by traditional optimization techniques. Such modelling puts the original problem in an inadequate manner, using a surrogate variable with incomplete information. Subsequent optimization techniques also contradicts our intuition that singleobjective optimization is a degenerate case of multi-objective optimization (Deb, 2001) . The result of classical approach is a compromise solution whose non-dominance can not be guaranteed (Liu et al., 2003) . Lastly, but not the least, a single optimized solution could only be found in each simulation run of traditional optimization techniques such that it limits the choices available to the decision maker. Therefore, using a population of solutions to evolve towards several non-dominated solutions in each run makes evolutionary algorithms, such as swarm intelligence methods, popular in solving MOO problems.
One of the successful applications of PSO to MOO problems, named Multi-Objective PSO (MOPSO), is the seminal work of Coello-Coello and Lechuga (2002) . In a subsequent study done by them, MOPSO is not only a viable alternative to solve MOO problems, but also the only one, compared with the Non-dominated Sorting Genetic Algorithm-II (NSGA-II) (Deb et al., 2002) , the Pareto Archive Evolutionary Strategy (PAES) (Knowles and Corne, 2000) , and the micro-Genetic Algorithm (microGA) (Coello-Coello and Pulido, 2001 ) for multiobjective optimization, can cover the full Pareto-optimal front of all the test functions therein. The goal of generating the non-dominated front is itself multi-objective. That is, designing a Pareto optimizer usually has two major goals -how to converge to the true Pareto-optimal front while achieving a well-distributed set of solutions (Zitzler et al., 2004) . Tsou et al. (2006) proposed an improved MOPSO with local search and clustering procedure trying to attain to these goals. Although the best way to obtain a well-distributed set of solutions would be probably to use some clustering algorithm, this effort is usually computationally expensive (Kukkonen and Deb, 2006) . This paper extends the research of Tsou et al. (2006) , but the clustering algorithm is dropped out. A local search and flight mechanism based on crowding distance is incorporated into the MOPSO. The local search procedure intends to explore the less-crowded area in the current archive to possibly obtain more non-dominated solutions nearby. Besides this, the non-dominated solutions in the less-crowded area are used to guide the population fly over sparse area of the current archive. Such that a more uniform and diverse front might be formed by the optimizer. In a short, mechanisms based on the crowding distance not only implicitly maintain the diversity of the external archive, but also facilitate the convergence of MOPSO to the true Pareto-optimal front. Our approach seeks to reach a reasonable compromise between the computational simplicity and efficiency. Several test problems are employed to verify the performance of our approach. The rest of this paper is organized as follows. Section 2 reviews the basic concept of MOO. MOPSO with a random line search is described in Section 3.1. Extensions based on crowding distance are presented in Section 3.2. Section 4 reports the experimental results against four test problems. Finally, conclusions and future research are drawn out in Section 5.
Multi-objective Optimization
Without loss of generality, a MOO problem (also known as a vector optimization problem) is the problem of simultaneously minimizing K objectives ( )
, where 
Certainly, we are not interested in solutions dominated by other solutions. A set of decision vectors is said to be a non-dominated set if no member of the set is dominated by any other member. The true Pareto-optimal front is the non-dominated set of solutions which are not dominated by any feasible solution. One way to solving a multi-objective optimization problem is to approximate the Pareto-optimal front by the non-dominated solutions generating from the solution algorithm.
MOPSO with Local Search
To speak of MOPSO, let us start with the PSO. In PSO, a population is initialized with random solutions, called "particles". All particles have fitness values that are evaluated by the function to be optimized. Each particle flies through the problem space with a velocity, which is constantly updated by the particle's own experience and the experience of the particle's neighbors, to search for optima iterations by iterations. Compared to genetic algorithms, the advantages of PSO are that it is easy to implement and there are fewer parameters to adjust. In every iteration, the velocity of each particle is updated by two best values. The first one is the best solution it has achieved so far. This value is called pbest. Another best value tracked by the optimizer is the best value obtained so far by the neighbourhood of each particle. This best value is a local best and is called lbest. If the neighbourhood is defined as the whole population, each particle will move towards its best previous position and towards the best position ever been in the whole swarm, this version is called gbest model. In this paper, we use the global version of PSO. The velocity and position of each particle are updated by the following equations.
where
is the old velocity of particle i along dimension d ,
is the new velocity of particle i along dimension d , ω is the inertia weight which is usually between 0.8 and 1.2, 
Local search
Local search plays a role in adding an exploitative component allows algorithms to make use of local information to guide the search towards better regions in the search space. This feature leads to faster convergence with less computational burden. One of the simplest local search algorithms is the random line search. It starts with calculating the maximum step length according to the parameter δ . For a non-dominated solution, improvement is sought coordinate by coordinate. The temporary D -dimensional vector, z r , first holds the initial information of each particle. Next, two random numbers are generated to set moving direction and step length for each coordinate, respectively. If the vector z r observes a better non-dominated solution, the non-dominated set is updated and the local search for particle i ends. The local search procedure (shown in Fig. 2 ) incorporated into the MOPSO is so called MOPSO-LS. 
Enhancements from crowding distance
The crowding distance of a non-dominated solution provides an estimate of the density of solutions surrounding it (Deb et al., 2002) . It is calculated by the size of the largest cuboid enclosing each particle without including any other point. After normalizing the crowding distance for each non-dominated solution, we sort them in ascending order (Line 01 in Fig.  4) . As mentioned earlier, the selection of global guide is a critical step in MOPSO. It affects both the convergence to the true Pareto-optimal front and a well-distributed front. Instead of randomly choosing a global guide from the whole non-dominated archive, it is randomly selected from the top 10% less crowded area of the archive for each particle that is dominated by any solution located in this area. Global guides of other particles are randomly selected from the whole archive as usual. This is the flight procedure used in MOPSO-CDLS (Line 03 in Fig. 4 ). Raquel and Naval (2005) were the first ones to incorporate the crowding distance into the global best selection in MOPSO, however, each particle associated with its own global guide solely selected from the top 10% less crowded area of the archive. It is too restrictive for those particles far away from the less crowded area and could possibly perturb their happy flight. 
10: Besides the flight mechanism based on crowding distance, the local search procedure is also modified to only be executed on the non-dominated solutions in the top 10% less crowded area of the archive. That is, Line 02 in Fig. 2 is modified as 10% S top less crowded area of A = % % . It is expected that better solutions, at least nondominated, could be found by the random line search around the less crowded area. Dual effects of pushing further towards the true Pareto-optimal front as well as maintaining a diverse and well-distributed archive might be arisen.
Experimental Results
The well-known ZDT test problems (Zitzler et al., 2000) were used to validate the MOPSO-CDLS. ZDT1 is an easy bi-objective problem and has a convex and continuous Paretooptimal front. ZDT2 has a non-convex but still continuous front. The front of ZDT3 is convex, however, it is discontinuous. In other words, it has several disconnected Paretooptimal front. The last test problem, ZDT4, is convex but has many local fronts. The population size for MOPSO-LC and MOPSO-CDLC are set to 25 with a step size 25 till 75. The numbers of iterations are set to 30 with a step size 10 till 50. To compare all results in a quantitative way, we use the following performance measures: archive count A % , set coverage metric ( , ) C U V , spacing ( S ), and maximum spread ( D ) (Okabe et al., 2002) .
, where ⋅ means the number of components in the set.
, where
and d is the mean value of the absolute distance measure
Tables 1-4 are the results of four test problems for both algorithms. C and L in the parentheses of the first row stand for MOPSO-CDLS and MOPSO-LS, respectively. Some findings are explained in the following. Table 2 . Computational results of ZDT2 problem Table 3 . Computational results of ZDT3 problem Table 4 . Computational results of ZDT4 problem 1. In view of the set coverage metric in Tables 1-4 , MOPSO-CDLS exhibit better results than MOPSO-LS even in more difficult problem such as ZDT3 and ZDT4. That is, the non-dominated solutions generated by MOPSO-CDLS are closer to the Pareto-optimal front than those by MOPSO-LS.
